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Abstract. Global constraints represent invaluable modeling toalianstraint
Programming (CP). Efficiently solving recurrent subproideis a key point for
CP successes. However, global constraints mainly remaingdy attached to a
given constraint solver. Indeed, they heavily rely on inéémechanisms in order
to be as efficient as possible. In this paper, we emphasizmtinest of decou-
pling global constraint implementations from the undewysolver. We show, on
at r ee constraint, that even more decoupling it by providing faljgnamic algo-
rithms enhances efficiency and, which is much more imparédiow an efficient
portability of the constraint. We illustrate this for t¥ocoandGecodesolvers.

1 Introduction

Constraint Programming (CP) is an ever evolving field whaseitis to solve combi-
natorial problems in a declarative and flexible paradigmtht heart of a constraint
program is a constraint satisfaction problem (CSP) whiceBned by a seV =
{v1,...,v,} of variables (in the mathematical sense), &%et {dom(v1),. .., dom(v,)}
of domains which represent the set of possible values tltht esriable can take, and a
setC of constraints (relations) upon subsets of variables. Atgm for a CSP is a vari-
able assignment (a value for each variable) that simuliasigaatisfies the constraints
of the problem. A constraint solver is meant to look for sucolution. End-users of
constraint programming only need to enunciate the varsaedoel the constraints of their
problem.

In this context,global constraintgepresent invaluable modeling tools for the CP
field. Indeed, global constraints represent compact swigtand solving algorithms for
recurrent subproblems in CSP. They are used as classicsiramts and usually en-
compass a set of constraints defined upon a large set of lewidior example, the
well-knownal | di f f er ent constraint [11] is used to replace a clique of difference
constraints. Global constraints offer a more precise anctrefficient view of the sub-
problem they are defined upon. They actively use the unaheylgiructure to provide
efficient filtering algorithms. Indeed, the explicit knowtge of this structure leads to an
improved propagation-search technique by avoiding regidadiscovering the same
inconsistencies (this phenomenon is calleshing. As expected, global constraints
usually imply a higher worst-case time complexity for theefiing algorithm w.r.t. the
original set of constraints. However, this overhead is rofish largely compensated by
the filtering power achieved by the global constraint. Aljughere exists a trade-off
between efficiencyife. running time) and effectivenesisq. filtering power).



Powerful global constraints are generally attached to ohes cycl e, di f f n,
cumul ati ve with chip [1], t r ee [2] with chocq st andard devi ati on [12]
with llog. This is probably due to the fact that implementing a glolmaistraint can
be highly solver-dependent. Indeed, global constraintémentations usually involve
both internal data structure and solver-related strustdree latter are most often back-
trackable structures offered by the solver to be used bydhstraint to ease the imple-
mentation. Not all solvers provide the same backtrackahbletsire leading to solver-
dependent constraint implementations. This can lead sod#iient constraints from
one solver to another. This is for example the case withathiedi f f er ent con-
straint (one of the rare ones that made it through severa¢s)l The efficiency of the
constraints is not the same w.r.t. the services providetié&host solver.

In this paper, we would like to investigate these aspectdaifal constraint imple-
mentations. More precisely, we are interested in pointingtbat once a global con-
straint has been defined it needs quite a fine tuning to takengaige of the underlying
constraint solver. Hence, we would like to address the pafifiieing able to provide
both flexible (in the sense of easing addition or removal ¢ériihg algorithms) and
portable (in the sense of being able to adapt the constartdther solver) implemen-
tations of global constraints.

Our test case throughout the paper will be a graph partitgpadnstraint introduced
in [2], the t r ee constraint. We will show that implementing fully dynamiddiling
algorithms {.e. not relying upon backtracking and managing their own datzcsire)
transforms the constraint as a plugin for the solver (searEid).
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Fig. 1: A pluggable constraintlefined according to three kinds of data: a view of the vaembl
V that define the problem, a view of the domain of each vari@abknd, an interpretation of the
events that can occur on the variables. These events cotie Imstantiation(Z) of a variable to
a value, theemovals(R) of a value in the domain of a variable and, tigdate(() of the lower
bound or the upper bound of a variable’s domain.

The paper is organized as follows: we first provide a quickcdpson of thet r ee
constraint and the current implementation provided withachoco constraint solver
(htt p: / / choco- sol ver. net). Next, we show how the filtering rules used in
this constraint can be implemented with fully dynamic aitjons, leading to a plug-
gablet r ee constraint. We show that this constraint is pluggable bggrdting it
intogecode (htt p: // gecode. or g/ ). Moreover, we show that the pluggable ver-
sion is more efficient wittthoco than the fully integrated version and show that the



gecode version can be made quite as efficient despite the event raareay system
of gecode’s java interface.

2 Description of thet r ee constraint

Thet r ee constraint partitions a given directed graph (digraph farg into a forest

of node-disjoint trees. More precisely, the digraph is ifiarted into a set of node-
disjoint anti-arborescenckd r ee is a useful constraint that can be used for modeling
various graph-related problems like, for example, surpenphylogenetic problems [3,
6], ordered disjoint path problems [3, 10], or mission plagrproblems [7].

The constraint has the fortr ee (NTREE, VER), whereNTREE is a domain variabfe
specifying the number of trees in the forasI{TREE andMAXTREE respectively denote
the minimum and maximum values @bm(NTREE)) and,VER is the collection ofn
nodesVER[1], ..., VER[n] of the given digraph. Each node = VER[i] has the following
attributes, which complete the description of the digraph:

— Lis a unique integer ifil, n]. It can be interpreted as thegel of v;.
— Fis a domain variable whose domain consists of elements (abeéés) of[1, n]. It
can be interpreted as thmigue successdpr father) of v;.

When speaking of global constraints, it is often convertieneéason about a digraph
that models the constraint rather than directly about thesizaint. We model the ex-
tended r ee constraint by the digrap@ in which the nodes represent the elements of
VER and the arcs represent the successor relation betweenfoemally,G is defined
as follows:

Definition 1 (Associated digraph to at r ee constraint). Theassociated digraph =
(V,€) of atree(NTREE, VER) constraint is defined by = {v; | i € [1,n]} and
& = {(vi,vj) | j € dom(VER[i].F)}.

At r ee(NTREE, VER) constraint specifies that its associated digrépthould be a
forest ofNTREE trees, formally:

Definition 2 (Solution of at r ee constraint). A ground instance of tr ee (NTREE, VER)
constraint is said to be aolutionif and only if:

— Vi€ [l,n]: VER[i].L = i.

— The associated digrapt consists ofiTREE connected components.

— Each connected component®has no circuit involving more than one node (no-
tice that each component contains exactly one node that ts&#fdoop and that
corresponds to the root of the tree).

We recall some definitions and notations regarding the glyéa= (V, £) associ-
ated with & r ee constraint, as well as a lower and upper bound on the numheyesf
needed for partitioning. These notions are introduced in the original version of [2]

! A digraph A is ananti-arborescencevith anti-root r iff for each nodev in A there is a path
from v to r and the underlying undirected graph.éfis a tree.

2 A domain variableV is a variable ranging over a finite set of integers denoteddoy (V);
min(V) andmax(V'), respectively, denote the minimum and maximum valuegoaf (V).



Definition 3 (Reduced graph).To each instance of &r ee(NTREE, VER) constraint

we associate theeduced digrapl®, derived fromgG in the following way: to each
strongly connected component®fve associate a vertex ¢f.; to each arc ofG that

connects different strongly connected components casretpan arc irg.,..

Notations 1 (Sink component) A strongly connected componentiothat corresponds
to a sink ofg,. is called asink component

Notations 2 (Potential root & loop) A nodev of G = (V, &) such that(v,v) € £ is
called apotential root The arc(v, v) is called aloop.

Notations 3 (Door) A nodeu of G = (V, ) is adoorof the strongly connected com-
ponent associated with iff there exist{u, v) € £ such that, andv do not belong to
the same strongly connected componergt.of

Definition 4 (Dominator [9]). Given a digraphg and two distinct nodeg j of G such
that there is at least one path froimio j, a noded is adominatorof j with respect ta
iff there is no path fromi to j in G \ {d}. The set of dominators gfwith respect ta is
denoted byDOM (g ;,(j)-

We are now in position to detail how the initial version [2]tbEt r ee constraint
is effectively implemented in Choco. Next, we propose a/fdynamic version of this
constraint allowing a new design of its implementation tiagiloits the incrementality
in order to avoid using backtrackable data structures déslicto the solver. A nice
property of such an implementation is that threee constraint becomes a plugin for
any solver.

3 Implementation oft r ee constraint

3.1 Anad-hoc version for choco

Several constraint solvers are available but not two of tipeavide the exact same
set of global constraints. When facing a constraint satifa problem, the choice of
the constraint solver therefore highly depends on the eé@sionstraints and their effi-
ciency. Moreover, quite often only some part of the problerefficiently handled and
one need to either develop or simulate a global constraiotder to solve the prob-
lem. Thus, when implementing a global constraint two situet arise: in the first one,
the constraint solver has already been chosen and thethéopeovided data structures
must be used; in the second one, one can choose the most ingsadver for the
constraint, i.e. a solver which proposes the most adaptiedsfiaictures to the filter-
ing algorithms to be implemented. In the ee constraint case, thehococonstraint
solver was selected. Indeed, it allows a fine-grained manageof events occurring
on variables. Each variable associated to a problem knosvedhstraints that involve

8 Chocodistinguishes three main kinds of events: instantiatioa wériable, removal of a value
in the domain of a variable, update of the lower bound of theala of a variable and, update
of the upper bound of the domain of a variable.



it, and symmetrically, each constraint knows the subsetaofbles that it is posted
upon. Then, for a given constraint, distinct treatments lmardone for each kind of
event occurring on variables involved in the constrainisTéads to the fact that a fix
point can easily be reached because the constraint mayhsffdathas to be awoken
by an event produced by itself. The main benefit of such a ptpjsethat for a given
n-ary constraint, the implementation of its filtering aldbr can be triggered for each
kind of event that occurs on the variable domains involvetthé@constraint.

We now provide the skeleton of the ee constraint such as it is implemented in
the chocosolver. The details of each kind of propagation can be segB]irNotice
that, w.l.0.g., the notion oftrong articulation pointds generalized to the notion of
dominatorg9]. Obviously, this generalization does not change angrfilig algorithm
of the initial paper except the computation of dominatorthia digraphG associated
with thet r ee constraint.

Initial awake of the r ee constraint:

— ComputeMINTREE andMAXTREE.
— If there is at least one solution satisfying the constrdient do propagation
related to the constraint:
1. UpdateNTREE according t(MINTREE andMAXTREE.
2. Propagate according to the dominator nodes. of
3. Propagate according to the doors and the potential régis o
4. Propagate according to the valuesiefx(NTREE) andmin(NTREE).

Each time an event occurs on a domain variable involved irt thee constraint
do:

— If this event occurs on a domain variable modelitTgEE then:
1. UpdateNTREE according t(MINTREE andMAXTREE.
2. Propagate according toax(NTREE) andmin(NTREE).
— If this event occurs on a domain variable modeling a nodg @b:
1. UpdateNTREE according t¢MINTREE andMAXTREE.
2. Propagate according to new dominatorg of
3. Propagate according to the doors and the potential régis o

The chococonstraint solver is based ortrailing® [13] approach to record a decision
(e.g., instantiation of variables, removals of values m domains, etc) and its effects
on the data structures involved in the constraint. In ouppse, these effects consist
in modifications of the graph structure, for example, if an(@yj) is removed frong
(i.e.,j ¢ dom(VER[i].F)) then, this removal may:

1. decrease the number of potential roots (see Notatiofi 2)ij. This leads to an
update oMAXTREE.

2. increase the number of sink components (see Definitiohtig.leads to an update
of MINTREE.

4 A trailing approach records for each events modifying a data stry¢heg@ecessary informa-
tion to undo its effect.



3. increase the number of strongly connected componerdsi(sg. This leads first
to increase the number of doors (see Notation 3) containg€f] and second, to
change the reduced digragh associated witlg; (see Definition 3).

4. create new dominator nodesgr(see Definition 4).

Thus, in order to record the necessary information, the Gsobrer proposes some
backtrackablelata structures using storable integers, storable bosahstorable bit-
sets. The original r ee constraint uses these backtrackable data structures ém trd
dynamically record and restore some graph properties fikegly connected compo-
nents and dominator nodes of the digrgph

However, state-of-the-art graph algorithms propose sg¢fidty dynamic algorithms [5]
maintaining the graph properties involved in theee constraint like strongly con-
nected components and transitive closure. Then, two btifaigvard issues are: is it
really necessary to use backtrackable data structures falgrdynamic algorithms
exist? If no backtrackable data structures are finally used if is not necessary to
trail the variation of the data structures involved in thestoaint) what are the exact
relations between the constraint and the solver?

One interesting point here is that when being able to pros@eer-independent
global constraints, other perspectives are open: such stradmt could be plugged
in other problem solvers. For example, a good candidatedcoel COMET, a local
search development environment [8], another interestirgweould be PaLM [4], the
explanation-based extension of the Choco solver.

3.2 Anpluggablet r ee constraint

On the one hand, one can summarize the bottleneck of the eaitypdf at r ee con-
straint to repeatedly maintaining several graph prope(s&aongly connected compo-
nents (scc), transitive closure, dominator nodes) relatétk digrapty; associated with
G between two search steps. For each property, severakfgtaljorithms are proposed
in order to remove inconsistent arcs during the propagatiem On the other hand, the
propagation-search techniques only consist in selectidgemoving values in variable
domains, or restoring values in variables domains. In tindea of at r ee constraint,
this techniqgue modifies theTREE variable as well as the set of arcs involved in the
digraphg associated with the constraint.

Basically, a new approach implementing such a constraimtbeadecomposed in
the following way (Figure 2):

1. TheGraph moduleis based on a generic fully incremental data structure nivoglel
a digraphgG and its associated properties (i.e., scc’s and transitdguce). This
module contains primitives updating the data structureiog to arc removals
and restorations. These primitives basically compute pagperty on a necessary
partial grapf of the original digraplg.

2. TheConstraint module proposes the filtering algorithms (based on the properties
maintained by the graph module) that remove ard$ imiconsistent with thér ee
constraint.

® Given a digraptg = (V, &), apartial graph G’ of G is defined by(V' C V,{(i,j) € £ |
i,j €V'}).
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Fig. 2: General implementation schema of a pluggablee constraint.

3. Thelnterface module performs a bijective relation between events occurring on
domain variables (i.e., removals/restorations of valuethé domains) and events
occurring on the digrapg (i.e., removals/additions of arcs).

Practically, in the current implementation on the pluggdbiee constraint, each
time an event occurs on a domain variable, first this eventéspreted by the interface
module, next the graph module updates its data structuessthre filtering algorithms
dedicated to thé r ee constraint are applied, and finally the resulting eventsipex
by the constraint module are interpreted in term of domaiiabée updates.

We are now in position to discuss the interface module. Fifdbmain variables
involved in a CSP, basically four kinds of events are distisged: removal of values
in the domains, instantiation of variables, update of lol@unds and update of upper
bounds. However, instantiation and bound updates can hly eeduced to a set of
removals. Thus, for each kind of event received by the iaterffrom the solver, an
event translation to the corresponding set of removalsamthph module is performed.
However, all removals are not handled in the same way by teefate.

Indeed, the event at the origin of the considered set of rafmag considered to
improve the efficiency of the graph module updates. For exanapset of removals re-
lated to an instantiation event occurring on a variabledead local modification in the
neighborhood of the corresponding node in the digapksociated with the constraint.
This information can be taken into account in order to penftirese modifications quite
efficiently.

In other words, this new approach for implementing globalstmints leads to a
reorganization of the code of the constraints. Concernslaagly separated: data struc-
ture management upon domain modifications (events), pedjgagrelated algorithms
at the heart of the constraint, and solver/constraint conications. It can be seen as a
kind of rationale for global constraints. We think that saatiear separation of concerns
is an important point in terms of software engineering.

4 Evaluation

We now report on several experiments we have conducted taateathe pluggable
t r ee constraint. First, in Section 4.1, we discuss our experisien the comparison



between the currerd-hocversion of the constraint with the new version proposed in
this paper. Then, in Section 4.2, we report on the performafithe pluggablér ee
constraint on two distinct constraint solvers: Gecode anods.

All experiments were performed with the Choco constraifteso(versionl.2.04)
and Gecode constraint solver (versioB.1) on an Intel Xeon CPU witR.4GHz and a
1GB RAM, but only128MB were allocated to the Java Virtual Machine.

4.1 Original constraint versus pluggable constraint

Graph Order Density ﬁ\éir%%eg:;g?ble
925 <0.5 55 45
> 0.5 90 38
50 <0.5 610 310
> 0.5 1532 307
75 <0.5 3856 1174
> 0.5 8896 1064
100 <0.5 13040 3156
> 0.5 32568 2682
150 <0.5 69220 11543
> 0.5 219174 9645
200 <0.5 204497 33763
> 0.5 [> 300000 26315

Table 1: Evaluation of the pluggabie ee constraint with the existingd-hocimplementation.

The aim of these experiments is to show that the pluggabée constraint outper-
forms the original version implemented within the Chocostosint solver. Moreover,
we point out that the dynamic approach proposed throughdbew constraint is, on
average, much less sensitive to the variation of the inpgriagh density which was
originally the bottleneck of the previous constraint vensj3].

This set of experiments points out two main features of tluggéblet r ee con-
straint. For each order of graph{@5, 50, 75, 100, 150, 200}, and the densities ii#.05; 1]
with steps 0f0.05, we generat80 instances (i.e. globally600 digraphs). Notice that
we add a timeout fixed t800000ms, and the solver search uses a random variable-value
selector.

First, Table 1 highlights a global improvement of the oraitad-hoc) version of
thet r ee constraint; indeed, the pluggable versiorsi8 times more efficient in the
case of a density less or equal @&, and 10 times more efficient in the case of a
density greater thaf.5. Second, Figures 3 and 4 show that the pluggable constsaint i
significantly more efficient in the case of dense digraphdeéd, Figure 3 depicts the
behaviors of the pluggable and ad-hoc constraints for angivaph order fixed t@00
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Fig. 3: For a given digraph of ordé&fno, the dotted curve depicts results of #e-hocimplemen-
tation of thet r ee constraint while the plain curve depicts the pluggable engéntation of the
constraint.
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Fig. 4: The dotted curve depicts the ratio betweenatidocconstraint and the pluggable con-
straint running times, in the case of a density greater thanThe plain curve depicts the same
ratio in the case of a density less or equal &

nodes. Figure 4 points out the ratio between the pluggabistraint and the ad-hoc
constraint running times. In both cases, we directly notiae the pluggable version
outperforms the original one in the case of dense graphs.

We are now in position to discuss why the origihalee constraint is outperformed
by the new one. First, we detail the feasibility implemeiotabf the constraint. Next,
we show how the filtering part was improved. In the followinge denote byn the
order ofG and bym the number of arcs ig.

In [2], a necessary and sufficient condition for threee constraint was introduced:
at r ee constraint has at least one solution iff all sink componefnts contain at least
one potential root andom (NTREE) N [MINTREE, MAXTREE] # () where MINTREE is the



number of sink components ;andMAXTREE is the number of potential roots (h At
each waking up of the contraint, the ad-hoc version oftthee constraint computes
the strongly connected components (scc) associated watdigraphg, by a suitable
depth first search procedure, introduced by Tarjan [14]pingin O(n + m) time.
However, computing scc at each waking up of the constrainsédess. Indeed, during
the propagation/search steps, removing or adding agssm local modification of the
digraph then, we can reduce this cost by recomputing scc enessary partial graph of
G induced by the scc previously computed. In practice, duwseaych the size of the scc
decreases (and the number of scc increases) to fedttus, dynamically maintaining
the scc is part of the improvements provided by the pluggabkse constraint.

In the original filtering algorithm proposed in [2], the ctragnt detectedhe strong
articulation points But in practice, we use a generalization of strong artttagpoints
called dominator nodes [9]. For each dominator nodes, tterifi algorithm detects
and removes the outgoing arcs that do not allow to reach at te& potential root.
Thus, for each dominator, we have to compute a depth firstisdeze to detect if a
potential root can be reached. Thus, for a given digi@pthis can be done i (nm)
time. In the pluggablé r ee constraint a new approach is proposed. We associate to
the digraphg, its transitive closuré. Explicitly computing the transitive closure 6f
is only done during the initial waking up of the constraintiinm). Next, a dynamic
handling of the transitive closure is performed by updativegcurrent transitive closure
according to a necessary partial graphgofnduced by the events modifying. In
practice, this dynamic maintain of the transitive closwweeéry efficient. Finally, the
knowledge of the transitive closure provides the reachgloibnditions that allow us to
dynamically filter the dominator nodes when they are idextibly the algorithm.

4.2 Towards portability of global constraints

The aim of these experiments is to illustrate that the plbtgar ee constraint can
easily be plugged into several constraint solvers. Thecehoi the Gecode and Choco
constraint solvers leads to show that there is a slight diegiean in the case of the
Gecode solver due to the interface module.

Gecode is a “propagator-centered” constraint solver. Thwsannot dynamically
record events occurring on the variables during searchn,Tiheorder to translate the
modifications of variable domains in term of arc additioesiovals in the graph mod-
ule, the interface module has to compute events occurrindherdomains from the
previous awake of the constraint.

The interface module is a global constraint watching domaiodifications. At set
up, the constraint stores a copy of the domain of each vasalbhen, upon each awake,
the constraint compares the current variables’ domain thi¢hr copy. If a domain has
been modified since the last awake, the constraint updatefotinain’s copy and sends
an arc modification event to the graph module.

® Thetransitive closureof directed grapl§ = (V, £) is the directed grapt, £') such that for
allv,winV there is an ar¢v, w) in £’ iff there is a non-empty path fromto w in G.



This computation leads to an overhead of the interface wighGecode constraint
solver. Notice that this is not the case with the Choco iatfbecause Choco is a
“variable-centered” constraint solver.

So, the interface module knows what kind of modificationsgeagpon variables do-
main without having to scan them. Consequently, when ttezfaxte module constraint
is awaken, it only translates variable events to graph evemd send them to the graph
module.

For each order of graph if25, 50, 75, 100, 150, 200}, and densities if{0.05, 0.2,
0.4,0.5,0.6,0.8,0.95}, we generaté0 instances (i.e. globall100 digraphs). Table 2
provides the running time details of each part composinglinggable r ee constraint
(Figure 2), both for the Choco and Gecode constraint salWosice that both solver
searches use the same random variable-value selector.

The column “Interface Module” of Table 2 perfectly pointstdlie overhead due
to the interface in Gecode. Moreover, we notice that the inmtimes related to the
constraint itself are equivalent in both solvers: the caisrfConstraint Module” and
“Graph Module” illustrate this result.

Running timeChoco(ms) Running timeGecodgms)

Graph Ordef| Interface | Constraint Graph Interface | Constraint| Graph
module module module module module [modulg

25 5 10 27 6 10 27

50 5 57 229 24 56| 228

75 11 190 863 58 186 879
100 18 440 2287 120 439| 2310
150 50 1466 9524 368 1329 9596
200 82 3214 27551 812 3009| 27097

Table 2: Running time comparison of the pluggableee for two distinct constraint solvers
(Choco and Gecode) according to the input digraph ordere&cin one running time of each part
Interface, Constraint and Graph is detailed.

4.3 Implementation requirements

A final interesting point about designing pluggable glolmadstraints is related to devel-
opment times. The originalr ee constraint [2] took something like three months (in-
cluding the theoretical study of the constraint) to be futfyplemented and debugged.
The fully dynamic pluggable version took three weeks to bestiped (we obviously
used our expertise obtained during the first implementati®at, what is more inter-
esting is the time required to port thikocospecific constraint to th@ecodeconstraint
solver: three days!



5 Conclusion and future works

In this paper, we emphasized the interest in decouplingaglobnstraint implemen-
tations from the underlying solver. We showed, anrae constraint, that decoupling
leads to efficient (compared to the original version of thestmint) and portable global
constraint implementations.

As soon as fully incremental algorithms are available foivemg global constraint,
one should seriously consider developing a solver-indégeinconstraint so as to im-
prove efficiency but also to give the opportunity to the coaiat to be widely used. This
can be either with other combinatorial problem solving téghes or other constraint
solver. Notice that there exist many fully incremental aigons with low complexity
for maintaining individual graph properties. However, doning several of them usu-
ally leads to a compromise in choosing the most interestitg structure. In this paper,
we made a quite basic choice that certainly would need to peawed.

One key lesson learnt from our paper is that investing in salgbrithms is well
worth it: efficiency is improved and portability is a realifiy took us three days to port
thet r ee constraint taGecodewithout loss of efficiency).

We are currently working on a generic way to interface glatwaistraints for con-
straint solvers in order to be able to define a kind of domag@t#ie language for global
constraint implementations.
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